Abstract When neutron yield is very low, reconstruction of coding penumbra image is rather difficult. In this paper, low-yield (10 9 ) 14 MeV neutron penumbra imaging was simulated by Monte Carlo method. The Richardson Lucy (R-L) iteration method was proposed to incorporated with Bayesian least square-Gaussian scale mixture model (BLS-GSM) wavelet denoising for the simulated image. Optimal number of R-L iterations was gotten by a large number of tests. The results show that compared with Wiener method and median filter denoising, this method is better in restraining background noise, the correlation coefficient Rsr between the reconstructed and the real images is larger, and the reconstruction result is better.
Introduction
Images of both the primary and the down scattered neutron distributions can provide valuable diagnostic information about the implosion core at ignition, such as the fuel area density, the spatial distribution of burning fuel, the shape of the compressed cores as well as the implosion symmetry [1∼4] . The usual way to image neutron radiation is the well-known pinhole technique. However when the required spatial resolution is very high and/or the object radiation yield is very weak, the pinhole imaging technique could be unsuitable. For example, a high signal-to-noise ratio (SNR) is required to provide an image quality sufficient to discriminate among various failure modes of an ignition capsule and to verify the reliability of the implosion dynamics calculation for inertial confinement fusion (ICF) experiments [5∼8] . Compared with pinhole neutron-imaging systems, penumbra imaging with an aperture larger than the source size is a coded aperture imaging technique. Due to the larger solid angle, the image is formed from much more neutrons than that for a pinhole. Therefore, for a given yield, it typically has an intrinsically higher signal-to-noise (S/N) ratio, and the penumbral aperture should be easier to fabricate, characterize, and align than a pinhole.
But when the neutron yield is very low, coded penumbral image with low S/N ratio contains lots of statistical fluctuation noises. Image denoising and restoration has become important issues. In this paper, low-yield (10 9 ) 14 MeV neutron penumbra imaging process was simulated with Monte Carlo N-Particle Transport Code (MCNP), a method based on BLS-GSM model and Richardson-Lucy iteration (R-L) was firstly applied to the penumbra image with high fluctuation noise level.
Simulation of penumbral imaging
In penumbral imaging [7, 8] , if
the presumption that the point spread function (PSF) of aperture is isoplanatic (space-invariant) across the field of view (FOV) is approximately valid. In Eq. (1), R c is the radius of the aperture, R s is the size of the source, L i is the distance from aperture to detector plane, and L o is the distance from source to aperture. In the simulation,
To test the method of BLS-GSM denosing and R-L restoration, the numerical simulation of penumbral imaging was performed by Monte Carlo method with the biased sampling skill and surface flux replaced by volume flux skill [5] . We carried out computer simulation for a volume object "+" as neutron source. The total number of neutron source is set to 10 9 (it is maximum number of source particle histories in MCNP version of the software we used), neutron energy is 14 MeV. The virtual detector consists of 100×100 resolution units. The aperture is shown in Fig. 1(a) , and its material is tungsten. Fig. 1(b) is the point spread function of the penumbra aperture. Fig. 1(c) shows '+' neutron source, which consists of two crossed rectangular plane of 0.15×0.6 mm 2 . The neutron intensity in the overlapping region of the '+' center is twice that in other regions. Fig. 1(d) is the penumbra image of '+' source. In Fig. 1 (b) and (d), there exists considerable fluctuate noise due to the low detection efficiency and low neutron yield. The relative standard deviation of image data in the middle of uniformly bright area is almost 11%. These fluctuation noises can severely affect reconstruction results. In order to reduce the effects of statistical noise as much as possible, we should not only improve our imaging system, but also develop better denoising approaches and reconstruction methods. 3 Image denoising
BLS-GSM denoising
In the section, we present briefly the general principle of BLS-GSM denoising in wavelet space [9∼11] . Our procedure for image denoising uses the same top-level structure as in most previously published studies: (1) decompose the image into pyramid subbands at different scales and orientations; (2) denoise each subband; and (3) invert the pyramid transform, obtaining the denoised image. We assume that the image is corrupted by independent additive Gaussian noise of known covariance. A vector y corresponding to a neighborhood of N observed coefficients of the pyramid representation can be expressed as: [9] 
where W is independent Gaussian noise, x is original image.
In GSM model, the random vector x (image data) can be expressed as the product of two independent random variables x = √ zu, where z is a positive scalar and u is a zero mean Gaussian vector with covariance matrices C u . The bayesian least square (BLS) solution was applied to estimate x by y [10] , so
Following Ref. [10] , for every chosen z value the posteriors p(z|y) can also be computed numerically by applying the Bayes rule, and the E{x|y, z} can be written as.
Consider an image decomposed into oriented subbands at multiple scales in the Wavelet domain, the histogram of each subband is different from others, sometimes very different. So in this paper, we refitted statistics model for each subband to improve the denoising result and chose appropriate statistics model in term of the Kullback-Leibler Divergence.
Penumbral image denoising and noise analysis
Theoretical analysis shows that signal noise in the virtual detector units is statistical fluctuation noise and obeys Gaussian distribution [5] . We applied BLS-GSM denoising to the penumbra image of '+' (Fig. 1(d) ).
The flowchart of BLS-GSM denoising is: 1) Decompose the image Fig. 1(d) into subbands in wavelet space.
2) For each subband (except the lowpass residual): (a) Compute neighborhood noise covariance, C W , (b) Estimate noisy subband covariance, C y , (c) Estimate C u from C W and C y , (d) For each neighborhood, refit and choose statistics model for each subband, compute E{x|y}.
3) Reconstruct the denoised image from the processed subbands and the lowpass residual.
In the process of BLS-GSM dnoising, the variance of noise must be given and the variance value must be appropriate. If the value is too small; the effect of denoising is weak, conversely the image distortion can be severe. After a large numbers of tests, the results show that if the variance value is about 10% of the average
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value of image data for Fig. 1(a) and (b) , the result of denoising and restoration is the best.
The result was shown in Fig. 2(a) . Fig. 2(b) is the noise image. It is obtained by subtracting Fig. 2(a) from Fig. 1(d) . We calculated cumulative probability distribution of noise data in a middle row and compared it with Gaussian cumulative probability distribution. Fig. 2(c) shows cumulative probability distribution function (CDF) of the noise. From Fig. 2(c) , we can see that, the curve of CDF of the noise distribution is approximately in accord with that of Gaussian distribution CDF. Because there are penetrating background noise and scattered neutrons noise besides statistical noise in the simulated penumbral image, the histogram of noise data deviates slightly from a bellshaped normal distribution. So there are some differences at two ends of the curves as compared to the middle well-agreed part between the two curves. SHEPP and VARDI proved that the R-L iteration converges to the maximum likelihood solution for Poisson statistics [7, 12] . If an image is modeled with Poisson statistics, maximizing the likelihood function of model yields an equation that is satisfied when the following iteration converges:
The Eq. (5) is R-L algorithm. Here g is the observed image data, f k is the unburned object, h is the PSF of coded aperture. In the Fourier transform domain, we define the Fourier transforms of h, f (r) and g by H, F (r) and G, respectively. The R-L iteration is:
where Σh is the sum of all elements in the matrices h, H is conjugate of H, r is the number of iteration.
As with most nonlinear methods, it is important to choose the number of iteration to stop the R-L algorithm. The approach often followed is to observe the output and stop the algorithm when a result acceptable in given application has been obtained. In this paper, we adopted the correlation coefficient R sr to evaluate the results of reconstruction methods. The R sr is defined as:
In Eq. (7), f 0 (x, y) is an original image of source "+", f 0 (x, y) is an estimate result by restoration. The larger the R sr , the smaller the difference between the reconstructed and the original images "+", and the better the reconstruction result. The relation between R sr and the number of iterations was calculated for Fig. 2(a) restoration. The relation curve was displayed in Fig. 3 and the R sr was normalized. From Fig. 3 , we can see that a number of iterations between 150 and 200 is appropriate. Fig.3 The relation curve between Rsr and number of iteration
Reconstruction results of simulated images
To verify the R-L method and BLS-GSM denoising reconstruction method, we made some comparative studies against other methods, including direct R-L method, Wiener method and media filter denoising. The window of media filter is 3×3. The number of iterations of R-L method is 150, and the reconstruction results are listed in Fig. 4 . Fig. 4(a) shows the reconstructed image based on R-L method without denoising. There are considerable statistical fluctuation noises, and the relative standard deviation of gray value is more than 40%. Fig. 4(b) and Fig. 4(c) are reconstructed images by using Wiener method in cooperation with media filter denoising and BLS-GSM denoising, respectively. It can be seen that the reconstructed source is a blurry '+' with false signals around it. Fig. 4(d) shows reconstruction result by using R-L method with media filters denoising, and there is slight shape distortion of the '+'. From Fig. 4(e) we can see that using the R-L method incorporated with BLS-GSM denoising, good results can be achieved, and that there are no obvious shape distortion of the source "+". We calculated correlation coefficient R sr of these images with source "+" for each reconstruction method. The value of R sr was listed below these reconstruction images.
The R sr of Fig. 4(e) is more than those for other figures, i. e., the reconstruction result is better.
Results and discussion
In penumbral imaging, because the yield of neutron is low, the S/N of penumbral image is low. The choice of denoising approach and restoration method is very important. From the results presented above, it can be seen that better reconstruction results can be achieved by using the R-L method in cooperation with BLS-GSM denoising. Compared with the direct R-L method, Wiener method and media filter denoising, this method effectively restrains noise and better reconstructs image, especially for penumbral images obeying Poisson statistics.
The R-L with BLS-GSM method presented here also needs refinement. Because in the process of BLS-GSM denoising, the variance of noise must be given. Accuracy of the variance affects also inevitably the reconstruction result. To improve the result, a better method to calculate the variance of noise need be established.
